
 

 

Since January 2020 Elsevier has created a COVID-19 resource centre with 

free information in English and Mandarin on the novel coronavirus COVID-

19. The COVID-19 resource centre is hosted on Elsevier Connect, the 

company's public news and information website. 

 

Elsevier hereby grants permission to make all its COVID-19-related 

research that is available on the COVID-19 resource centre - including this 

research content - immediately available in PubMed Central and other 

publicly funded repositories, such as the WHO COVID database with rights 

for unrestricted research re-use and analyses in any form or by any means 

with acknowledgement of the original source. These permissions are 

granted for free by Elsevier for as long as the COVID-19 resource centre 

remains active. 

 



Economics and Human Biology 45 (2022) 101095

Available online 11 January 2022
1570-677X/© 2021 The Author(s). Published by Elsevier B.V. This is an open access article under the CC BY license (http://creativecommons.org/licenses/by/4.0/).

The local and global mental health effects of the Covid-19 pandemic 

Alpaslan Akay a,b,* 

a University of Gothenburg, Sweden 
b Universidad Antonio de Nebrija, Spain   

A R T I C L E  I N F O   

JEL classification: 
I90 
C60 
Keywords: 
Mental Health 
Covid-19 
Pandemic 
Vulnerable Individuals 

A B S T R A C T   

This paper investigates the mental health effects of the local and global level Covid-19 pandemic among the UK 
population. To identify the effect, we use a high-quality dataset and an original strategy where we match the 
previous day’s confirmed pandemic cases to a four-month panel of individual mental health information 
observed during the interview next day. The approach suggested in this paper aims to identify the average mental 
health effect on the overall population for the first and second waves of the pandemic. Using a linear fixed-effects 
model specification, we report robust findings that the average mental health in the UK is substantially reduced 
by the local and global pandemic. The total reduction in the average mental health of the UK population during 
our sampling period (April - June, 2020) is about 1.5% for the local and 2.4% for the global cases, which sum up 
to a 3.9% reduction. Extrapolating the total reduction in average mental health during the first wave of the 
pandemic (February - September, 2020) sums up to 2.8% while the effect is as large as 9.6% for the first and 
second waves together, which covers roughly a year since the start. An extensive robustness check suggests that 
the findings are stable with respect to alternative pandemic datasets, measures, estimators, functional forms, and 
time functions. The characteristics of the most vulnerable individuals (e.g., elderly, chronic illness, and job se
curity concerns) and their household conditions (e.g., living alone and no private space) are explored. The paper 
discusses on the implications of the results.   

1. Introduction 

The previous experience with global traumatic events (e.g., previous 
widespread pandemics such as SARS-COV-1 and the Ebola outbreak or 
globally impactful terror events such as 9/11) suggests that one of the 
domains expected to be quickly affected by the current coronavirus 
(Covid-19 hereafter) pandemic is mental health (e.g., Mak et al., 2009; 
Pandya, 2013; Shultz et al., 2015; Bao et al., 2020; Banks and Xu, 2020; 
Proto and Quintana-Domeque, 2021). The terrifying daily spread of the 
Covid-19 pandemic generates fear, anxiety, economic problems, and 
disturbances in daily life (e.g., social isolation, physical ("social") 
distancing, changes in day-to-day functioning, job security issues, 
financial concerns for the future) which might translate into adverse 
mental health outcomes, including post-traumatic stress, depression, 
sleep disorders, and reduced overall well-being among many others (e. 
g., Brodeur et al., 2021b; Proto and Quintana-Domeque, 2021; Goularte 
et al., 2020; Rajkumar, 2020; Shigemura et al., 2020). Indeed, a recent 
survey conducted by World Health Organization reports that the current 
coronavirus pandemic has halted or reduced critical mental health 

services in 93% of the countries (WHO, 2020; Fusar-Poli et al., 2020). 
Using samples from various countries, studies investigating the effect 

of Covid-19 pandemic on several outcomes including mental health ef
fects of the Covid-19 pandemic have been growing since the beginning 
of the pandemic (e.g., Banks and Xu, 2020; Brodeur et al., 2021a, 2021b; 
Proto and Quintana-Domeque, 2021; Etheridge and Lisa, 2020; Goularte 
et al., 2020; Gao et al., 2020; Bao et al., 2020; Rajkumar, 2020; Trudeau 
et al., 2020; Perez-Arce et al., 2021). A consistent finding is that the 
pandemic has substantially decreased the mental health of people 
compared to their average mental health levels during previous years, 
which also differ by age, gender, and ethnicity, among other factors (e. 
g., Banks and Xu, 2020; Proto and Quintana-Domeque, 2021; Brodeur 
et al., 2021b). The prevalence of depression, stress, post-traumatic 
stress, and sleep disorders has also been substantially increased (see 
Rajkumar (2020) for a review). Another strand of studies investigating 
the mental health effects of the pandemic has generally focused on 
specific risk groups, including health care workers (Bassi et al., 2020; 
Rossi et al., 2020; Shigemura et al., 2020), the elderly (Yang et al., 
2020), the homeless (Tsai and Wilson, 2020), migrants, refugees and 
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ethnic groups (Proto and Quintana-Domeque, 2021; Liem et al., 2020). 
One immediate insight of the current literature is that there is an urgent 
need to obtain further evidence on how a marginal increase in the spread 
of the pandemic affects the average mental health and which groups of 
people are the most vulnerable to mental health effects of the pandemic. 

Existing studies are mostly based on identifying the difference in the 
average mental health during the pandemic compared to that of previ
ous years (e.g., Brodeur et al., 2021b; Banks and Xu, 2020; Proto and 
Quintana-Domeque, 2021; Goularte et al., 2020; Davillas and Jones, 
2021). To our knowledge, this paper is the first to offer a methodology to 
identify the average marginal effects of the daily confirmed Covid-19 
cases on the mental health outcomes, which can be extrapolated to 
calculate the total mental effect of whole first and second waves of the 
pandemic. The strategy also allows us to undertake an extensive range of 
alternative analyses. First, we make a distinction by considering that 
mental health is not only affected by the immediate threats and distur
bances due to the local pandemic but also by the overall global preva
lence of the pandemic. Second, we conduct an extensive investigation on 
how individual constraints (e.g., old age, underlying chronic diseases, 
job security, unemployment, poverty, and future financial concerns) and 
household circumstances (e.g., living alone, household composition, 
dependent kids, household size, and presence of a garden or a private 
space) correlate with the average mental health effect of the local and 
global pandemic. 

To reach these aims, the paper uses a high-quality dataset and a 
highly original strategy to identify the average marginal mental health 
effect of the local and global pandemic cases in the UK.1 Our micro- 
dataset includes four waves of a monthly panel from April 2020 to 
July 2020, which is a part of a long yearly and highly representative 
panel dataset (the UK Household Longitudinal Survey - UKHLS). The 
dataset includes the General Health Questionnaire (GHQ), which is a 
well-known inventory allowing us to develop a solid mental health 
measure widely used in the literature (e.g., Clark and Oswald, 1994; 
Akay et al., 2012; Banks and Xu, 2020; Proto and Quintana-Domeque, 
2021). The paper offers an identification strategy which differs from 
the existing studies (cf., Proto and Quintana-Domeque, 2021). Instead of 
measuring the change in mental health compared to previous years, we 
match the daily local and global cases with the individual panel using 
the next day interview dates (Akay et al., 2020). Because the panel in the 
dataset is observed four times, this strategy of using the data can be 
interpreted as a series of random experiments on the same individuals 
conducted by nature four times for the different pandemic circum
stances. The effect of the pandemic cases come from the daily fluctua
tions of the local and global pandemic cases, which are assumed to be 
random with respect to the date of interview. Thus, our strategy iden
tifies the temporal average marginal effect of the pandemic cases on the 
mental health of the overall population. 

Exploiting the panel aspect of our data and four months of several 
time-variant individual and household characteristics, we use panel data 
fixed-effects specifications to estimate the effect of the previous day’s 
local and global cases on mental health. The results are highly consistent 
with the earlier studies using alternative identification strategies (cf., 
Banks and Xu, 2020; Proto and Quintana-Domeque, 2021). Our results 
suggest a significant and negative mental health effect of the previous 
day’s cases on the overall population in the UK. To put the effects of the 

local and global pandemic cases into context and summarise, we 
calculate the total effect of local and global cases - the average effect of 
the mean number of cases for a particular pandemic period - relative to 
average mental health in the UK. The results suggest that the total 
reduction in the average mental health during the sampling period (May 
- June, 2020) is about 1.5% for the local cases and 2.4% for the global 
cases, which sum up to a 3.9% reduction in the average mental health in 
the UK. The identification strategy also allows for extrapolating the ef
fect for the first wave (February - September, 2020) and for a period 
covering the first and second waves of the pandemic (February, 2020 - 
February, 2021). The total reduction in the average mental health dur
ing the first wave sums up to 2.8% while the total effect is as large as 
9.6% during the first and second waves of the pandemic. The results are 
also highly robust with respect to functional forms of Covid-19 mea
sures, time functions, alternative estimators, and sources of alternative 
local and global Covid-19 datasets. The paper presents a discussion 
using a heterogeneity analysis with respect to individual and household 
constraints to determine the vulnerable and non-vulnerable individuals. 
We find that older people with health constraints (e.g., chronic health 
conditions), people who are living alone, those who are experiencing job 
insecurity and economic concerns, and households with constraints in 
their immediate living environment (e.g., no private space or garden) 
are the most vulnerable. 

The rest of the paper is organised as follows: Section 2 presents the 
micro dataset, the daily Covid-19 dataset, and the empirical design. 
Section 3 gives the econometric methods, stochastic specifications, and 
our identification strategy. Section 4 presents the results split by main 
results and a robustness analysis. Section 5 presents an extensive dis
cussion using a comprehensive heterogeneity analysis with respect to 
individual and household circumstances. Finally, Section 6 concludes 
the paper. 

2. Data 

2.1. The sample and key variables 

2.1.1. Micro data 
Our individual data is a part of the UK Household Longitudinal 

Survey (UKHLS, or Understanding Society Data, “US" hereafter).2 The 
dataset is an innovative extension of the former British household panel 
(BHPS) including thousands of households and individuals. The US 
dataset is originally a long yearly panel with a wealth of information on 
the individual and household socio-demographic and economic char
acteristics, and subjective measures about the individuals’ well-being, 
mental health, attitudes, and behaviour. 

2.1.2. A new Covid-19 module 
The US dataset has a new innovative module collected to obtain 

information on several dimensions of life in the UK during the Covid-19 
pandemic. The module is based on a short twenty-minute questionnaire 
implemented either with a web portal or with the standard computer 
assisted telephone interviews. The information obtained in the module 
covers household composition, coronavirus illness, long-term health 
conditions management, mental health, loneliness, and employment. 
There are four waves of the Covid-19 module administered to the same 
sample of representative individuals during April, May, June, and July. 
However, because the dataset was originally a long yearly panel, it is 
also possible to trace individuals back to previous years and obtain in
formation for a decade. There have been about 61,167 interviews con
ducted during the four-waves of the Covid-19 module and these 
interviews are conducted over a total of 29 interview days. There are 

1 We mainly focus on the confirmed cases as a measure of the pandemic 
instead of using confirmed pandemic deaths or cases and deaths together. One 
important issue to point out is that the pandemic cases and deaths might 
involve different degrees of measurement errors. This might be the situation 
when the pandemic cases and deaths are registered on different dates due to the 
choices made by governments. For instance, while the number of pandemic 
related cases supplied by the UK government reflects the exact confirmed cases 
for a specific day, the pandemic dataset covers deaths within 28 days after 
being tested positive. 

2 The dataset can be obtained from “https://www.understandingsociety.ac. 
uk". Further information about the Covid-19 module can be found at the 
same address “/topic/covid-19". 
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some randomly missing values in the control variables and the final 
sample size used in our estimations is 57,789 individual-wave 
observations. 

2.1.3. The mental health measure 
The main outcome variable investigated in this study is based on the 

twelve questions of the General Health Questionnaire (GHQ) inventory. 
The full set of questions appearing in the inventory is given in Appendix 
C, Table C.1. The inventory involves twelve domains of an individual’s 
mental well-being, including sleep problems, depression, enjoyment of 
day-to-day activities, self-worth, and happiness. Each question is 
answered on an ordinal scale from (1) to (4). An easy composite measure 
is formed by summing up the scores obtained from each question (e.g., 
Akay et al., 2012; Clark and Oswald, 1994). The final measure is nor
malised to range between 0 and 36. We reverse the scale so that the 
higher scores indicate higher mental health and use it as the main output 
variable (GHQ36 with 36-points scale). We also use each item in the 
inventory as an output variable representing a particular domain of 
mental health. 

The measure is highly correlated with other psychiatric mental 
health measures, life satisfaction or happiness measures (Goldberg et al., 
1997). The measure is also considered to be a proxy for the overall 
welfare of an individual or the unobserved ‘experienced’ utility level - as 
in the case of happiness or life satisfaction measures (see, Kahneman and 
Sugden (2005) for a comprehensive discussion and Clark and Oswald 

(1994)). The mean GHQ36 score is 23.8 with a standard deviation of 
5.91. The histogram of GHQ36 is given in Appendix B, Fig. B.1, for 
Waves 1–4. The distributions are not only similar across waves but also 
in line with the distributional shapes usually observed in other studies 
using the same types of measurement (e.g., Akay et al., 2012). The av
erages of the first three waves are highly similar, while there is a sta
tistically significant recovery in GHQ36 scores during the last wave, i.e., 
June, 2020 (23.59 vs. 24.36, p-value = 0.000). This result is expected 
because this period corresponds to the end of the first wave of the 
pandemic, when the pandemic cases are relatively lower. 

2.1.4. The daily Covid-19 data and definition of measures 
There are several sources of daily Covid-19 datasets available: i) 

World Health Organisation (WHO), ii) John Hopkins University (JHU), 
and iii) European Centre for Disease Prevention and Control (ECDC).3 A 
straightforward choice for the main analysis is the official Covid-19 

Fig. 1. Local and Global Covid-19 Cases Over Time and Sampling. Note: For Panels A and B, data points represent the raw (WHO, 2020) Covid-19 confirmed cases for 
the UK and whole world. The local and global number of cases are rescaled by 1000. The pandemic cases are represented by hollow circles and the cases corre
sponding to the interview days in Wave 1 - Wave 4 in Understanding Society (2020) dataset are presented with filled circles. The exact dates and the corresponding 
number of interviews conducted are given in Appendix A, Table A.1. For Panels C and D, data points are obtained by averaging GHQ36 scores by the residuals of the 
UK and Global cases. We obtain the residuals from regressions which are conditioned on the linear trend, the day of the week, and wave dummies. The lines represent 
the linear regressions which use the underlying 29 data points. The grey area represents the 95% confidence intervals. 

3 Datasets can be obtained from the links for WHO data https://covid19.who. 
int, JHU data https://data.humdata.org and EDCD data https://www.ecdc. 
europa.eu. See the links to get further information about the methodology of 
collecting Covid-19 data. 
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dataset of WHO (last accessed January 15, 2021). Most media in
stitutions fetch their data from WHO’s Covid-19 online dashboard, 
which is also followed by many people via internet worldwide.4 Simple 
statistics suggest that the datasets supplied by WHO, JHU and ECDC are 
highly similar to each other, as they mostly use the same official sources. 
Yet, because these datasets are collected by different institutions, 
methodologies and countries, they might lead to different estimates, 
especially for the global sums. We present a series of results in our 
robustness analyses using alternative Covid-19 datasets to check the 
robustness of our results. 

The Covid-19 data are in daily time series format including pandemic 
related confirmed number of daily cases and deaths by several countries 
all around the world. First, we define global Covid-19 cases by summing 
up all cases worldwide (except the UK) for each day. Second, we define 
the daily pandemic related confirmed cases in the UK. One important 
remark is that local and global cases and deaths are highly correlated 
over time. The correlation between global cases and deaths is 0.89 while 
the correlation in the UK is 0.92. It is also not possible to judge a priori 
which measure people follow from media or internet sources and which 
measure generates more fear or anxiety. As there are very high corre
lations and there might be large measurement error in the measures of 
the pandemic deaths, we prefer focusing on the local and global 
pandemic cases. Yet, to check the consistency, we are going to present 
results from the local and global pandemic deaths. In Fig. 1, Panels A and 
B, we present the time series patterns of the UK and global Covid-19 
cases for the dates surrounding the sampling period from April, 20 to 
August 2. The overall pattern of the UK cases are decreasing while global 
cases are increasing during the sampling period. Yet, there is a sub
stantial time variation in both pandemic measures, which is the key to 
this study. 

2.1.5. Empirical Design and Raw Relationships 
The strategy of estimating the relationship is based on the exogenous 

variation in the daily pandemic related local and global cases the day 
before the interview in which the mental health of individuals is 
observed. We first identify the date on which the interviews are con
ducted. The exact dates are given in Fig. 1, Panels A and B, with filled 
points. We then match the pandemic cases the day before with the 
interview dates the next day in the US dataset. There are four different 
data collection episodes (Waves 1–4 as represented in Panels A and B of 
Fig. 1) during which the mental health information is obtained. We 
interpret this strategy as a “natural experiment" conducted with the 
same group of individuals in four different time periods with different 
pandemic circumstances. There are 29 days on which people are 
assigned to be interviewed, i.e., “treated" with the previous day’s 
pandemic cases. The exact number of interviews, the day of the week on 
which the interview is conducted, and some further descriptive statistics 
of the individuals’ characteristics are given in Appendix A, Table A.1. 

At this point, we present two intuitive figures which show the initial 
raw relationship between the local and global pandemic cases and the 
average mental health obtained during the next day’s interview. The 
results are presented in Panels C and D of Fig. 1. Each point in the figures 
represents the mean GHQ36 score corresponding to the local (Panel A) 
and global (Panel B) pandemic cases day before. To draw these figures, 
we obtain the residuals conditional on linear time trend, the day of the 
week dummies, and wave dummies. To describe the raw relationship, 
we also draw the linear regression line on the underlying data together 
with the 95% confidence intervals of the raw predictions. Our first 
observation is that there is a visible negative correlation between 

previous day local and global pandemic cases and the mental health 
outcomes next day. The slope of the linear regression is highly statisti
cally significant for both cases. In the following sections, we are going to 
present results from econometric specifications where we allow for 
alternative sets of individual controls and time functions using our in
dividual panel dataset. 

3. Empirical approach 

3.1. The econometric model 

The empirical approach exploits daily fluctuations in the local and 
global pandemic measures and the daily information on individuals’ 
mental health. As the same individuals are measured four times at 
different points in time, the data is a monthly panel in which we allow 
for time-variant characteristics which can also influence mental health. 
The baseline model specification is given in Eqs. (1) and (2). 

GHQi,d,w = βUKCovid(C)
UK
d− 1 + βGLCovid(C)GL

d− 1 + X′
i,wγ + ϵit, (1)  

ϵit = Ww + dows + f (t,Ww) + ρr + αi + εi,d,w. (2)  

The dependent variable, mental health GHQi,d,w, is measured for each 
individual i on the day of interview d for four waves w. The Covid-19 
related cases C that occurred in the UK and globally GL the day before 
the interview d − 1, are given in Covid(C)UK

d− 1 and Covid(C)GL
d− 1. The key 

parameters to be estimated are βUK and βGL. The main reason that we 
prefer the previous day d − 1 is to ensure that people in the UK learned 
about the number of daily pandemic cases within the past 24 h. To 
guarantee this for the global cases, we use 48 h by considering the time 
zone differences. In the econometric analysis below, we are going to 
present results where we also estimate alternative combinations of these 
measures in the same regression. In our baseline model specification, we 
prefer using the levels of the pandemic measures rescaled by 1000 cases 
as in Fig. 1, Panels A and B. A robustness analysis with respect to 
functional forms of Covid-19 measures, estimators, and time functions is 
also presented. 

3.1.1. Control variables 
The model specification (Eqs. (1) and (2)) includes a large set of 

control variables which might confound the effect of the pandemic on 
mental health. These variables are all wave specific and included in X′

i,w. 
γ is the vector of parameters to be estimated. As the model specification 
is a fixed-effect model, the time-invariant variables are all swept away. 
That is, we use only those variables that change during the four waves of 
our data. They include whether living in a couple (couples=1), whether 
tested for coronavirus (tested=1), employment status (paid or self- 
employed=1), log of personal income, weekly hours of work, working 
from home (home-office=1), taking alternative social security benefits 
(five dummies for universal credit, working tax credit, jobseekers’ 
allowance, employment and support allowance), financial satisfaction 
(satisfied=1), risk of coronavirus infection (five dummies), owning a 
house (owning=1), household size, age composition of household 
members (#people aged 0–4, 5–15, 16–18, 19–69, and 70 or more), time 
spent caring for a dependent person, time spent for daily housework, and 
using the internet (internet=1). The full set of control variables used in 
the baseline regressions can be found in Appendix B, Table B.1. 

3.1.2. Stochastic specifications 
The error specification in (2) include several components. First, we 

include wave specific effects Ww. These are four wave dummies corre
sponding to the month of interview. Then, we introduce a series of 
further time functions to capture the time series properties of the daily 
pandemic cases. First, we control for the day of the week on which the 
interview is conducted dows. Second, we add time trend specified in 
alternative functional forms f(t, Ww), including linear, quadratic, and 

4 The UK government also supplies local Covid-19 data, which can be 
downloaded from the internet page as follows: https://coronavirus.data.gov. 
uk/. The number of people who tested positive and died due to coronavirus are 
highly similar to the figures supplied by the WHO dataset that we use. We 
combine the UK government data with other sources in our robustness analysis. 
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wave-specific quadratic trends. To allow regional heterogeneity within 
the UK, e.g., to capture regional unobserved attitudes towards the 
pandemic or alternative lockdown rules, we control for the Government 
Official Regions (12 GOR dummies ρr). Finally, by exploiting the panel 
structure of the dataset, we allow for the time-invariant unobserved 
individual effects αi (e.g., personality or genetic predisposition). Because 
pandemic cases are time-variant, we can identify the parameters within 
a fixed-effects framework where we allow for correlation between 
observed and unobserved variables. 

3.2. Identification 

As we merge daily pandemic data with individuals’ mental health 
observations and other characteristics, the model specification involves 
a ‘between’ variation, which is distributed across 29 interview days, and 
a ‘within’ individual variation, which is distributed across four months. 
The requirement for identifying the “causal” effect of the previous day’s 
pandemic cases on mental health is that the characteristics of in
dividuals should be similar across the interview days and that there is no 
sorting of individuals on a particular interview day by the previous day’s 
local or global pandemic cases. Are these assumptions reasonable? We 
can imagine some possible threats relating to how the interviews are 
conducted, attrition, and sorting. First of all, during the pandemic, e.g., 
due to fear or lockdown restrictions, most people stay at home and in
terviews are held via digital sources, i.e., internet or phone. Second, 
there is a very little attrition in the data as the time between waves is 
very short and the participation rate in the survey is very high. As shown 
in Appendix A, Table A.1, the interviews are targeted to be conducted 
during one week of each month and most interviews are held during the 
first days of the interview week. 

Third, we conduct a series of balance tests to check whether the 
number of interviews conducted in a particular interview day is a 
function of the previous day’s pandemic cases. Fig. A.1 presents the first 
balance test, where we calculate the daily number of interviews and 
relate them to the previous day’s pandemic cases. The figures suggest 
that there is basically no relationship. To investigate the relationship 
further, we estimate two model specifications using poisson regressions 
in which we allow for the linear or quadratic time trend, day of the week 
dummies, wave dummies, and the UK and global pandemic cases. We 
find that the parameter estimates of the previous day’s local (0.015, s.e., 
0.024) and global (0.002, s.e., 0.003) Covid-19 cases are not statistically 
significant on the number of interviews. Finally, we focus on con
founders generated by sorting of individuals into particular interview 
days by their observed characteristics (e.g., age, gender, being a couple, 
owning the house, working from home, income, and employment) as a 
function of the previous day’s pandemic cases. The results in Table A.2 
suggest that there is no statistically significant correlation between the 
average values of individual characteristics on an interview day and the 

local and global pandemic cases of the previous day. 

3.2.1. Which estimator should we use? 
To be able to exploit the within variation, the convenient model 

specification is a fixed-effects model. The output variable of interest is an 
ordinal variable measured on a 36 point-scale, which calls for an ordered 
probit model. The literature suggests that there are no significant dif
ferences between a linear model and an ordered probit (Fer
rer-i-Carbonell and Frijters, 2004). We prefer linear fixed-effects model 
specification as it is easy to estimate and also allows for interpreting the 
coefficients directly. This model specification also helps us to deal with 
further confounders leading individuals to be sorted into interview days 
due to their time-invariant unobserved characteristics. Yet, we note that, 
as the identification mainly comes from the time variation in pandemic 
measures, the fixed-effects model and a random-effects model specifi
cation are expected to give a similar result in the case when there is no 
particular sorting by unobservable characteristics. In a rich robustness 
analysis below, we also investigate the role of estimators. 

4. Results 

Our strategy of presenting our results is as follows. First, we obtain 
the baseline results and immediately present a stability analysis and 
results from the pandemic deaths. Second, interpretation and magni
tudes of the results are provided. Third, we present detailed results by 
using each GHQ item in the inventory as a distinct output variable. 
Fourth, we conduct an extensive robustness analysis. Finally, an het
erogeneity analysis in which we explore the vulnerable and non- 
vulnerable individuals are given in the next section. 

4.1. Local and global mental health effects 

4.1.1. Main results 
Table 1 provides the baseline estimates and initial checks. Our 

baseline specification (Eqs. (1) and (2)) uses a linear fixed-effects model, 
which includes the full set of individuals’ personal and household 
characteristics as well as the pandemic measures. Column I of Table 1 
presents the baseline estimates (see Table B.1 for the full estimation 
results). The model specification includes the UK and global cases in the 
same specification. To simplify the presentation of the estimation re
sults, we rescale the pandemic measures by dividing 1000. The param
eter estimate of the local number of cases is − 0.161 (s.e. 0.062), while 
the estimate is − 0.0043 (s.e. 0.001) for the number of global cases. 
These estimates suggest highly significant mental health effects of the 
previous day’s (d − 1) local and global cases. At this point, we present an 
initial check where we estimate the local and global cases in two sepa
rate regressions (Columns II and III of Table 1). The estimated co
efficients are similar to those of the baseline given in Column I. 

Table 1 
Baseline results and initial checks.  

Dep var: “GHQ36" Covid Data: WHO (#cases and #deaths /1000) I II III IV V VI 

Local: Covid-19 cases, d-1 -0.161*** -0.174*     
(0.061) (0.093)     

Global: Covid-19 cases, d-1 -0.004***  -0.004***    
(0.001)  (0.001)    

Local: Covid-19 deaths, d-1    -0.148 -0.137     
(0.093) (0.109)  

Global: Covid-19 deaths, d-1    -0.035***  -0.035***    
(0.011)  (0.010) 

#obs. 57789 57789 57789 57789 57789 57789 
R-squared 0.017 0.016 0.016 0.016 0.016 0.016 

Note: Authors’ own calculations from the Understanding Society (2020) Covid-19 module and WHO Covid-19 data (WHO, 2020). The local and global number of cases 
and deaths are rescaled by 1000. The model specifications include the full set of individual, regional and time specific characteristics (see Appendix B, Table B.1). 
Clustered (at the day of the observation) standard errors are presented in the parentheses. *, **, and *** indicate significance level at 10%, 5%, and 1% levels of 
significance, respectively. 
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As mentioned previously, pandemic cases and deaths are highly 
correlated, and they are expected to give similar information about the 
prevalence of the pandemic. Nevertheless, to check the consistency, in 
Columns IV, V, and VI, we present results from the local and global 
pandemic related deaths. The parameter estimates of the local and 
global deaths (rescaled by 1000) are also negative and highly compa
rable with the local pandemic cases. Yet, the coefficient of the local 
deaths on mental health is imprecisely estimated and only marginally 
significant with p-value= 0.115. Compared to the estimated parameter 
of global cases, the relative magnitude of global deaths is more promi
nent on mental health, and the coefficient is highly statistically signifi
cant. One possible interpretation of this result is that people might fear 
more from the covid related deaths than cases. Yet, this result might also 
be related to measurement error or the lower level of pandemic related 
deaths in the UK during the sampling period. In the rest of the paper, we 
focus only on the local and global cases as the main pandemic measure. 

4.2. Magnitudes 

4.2.1. Average marginal effects 
The results presented in Column I of Table 1 give the effect of 

pandemic measures on the mental health for 1000 people increase in the 
local and global cases. In order to calculate the magnitudes for a more 
realistic local and global pandemic figures, we first calculate the average 
marginal effect for a standard deviation increase in the pandemic cases. A 
standard deviation increase in the local (global) cases leads to a − 0.049 
(− 0.042) standard deviation decrease in the GHQ36 scores. The effect of 
a standard deviation increase in the local cases is only slightly higher 
than global cases.5 In order to obtain an easy measure to interpret the 
results, in Column I of Table 2, we present the percentage change in the 
mean GHQ36 score (mean GHQ36 is 23.8 while s.d. is 5.91) for a stan
dard deviation increase in the pandemic cases (standard errors are in 
parentheses). A standard deviation increase in the local (global) cases 
leads to 1.22% (1.09%) decrease in the mean GHQ36 (about 23.8 ×

0.0122 = 0.29 and 23.8 × 0.0109 = 0.26 points on the GHQ36 scale). 
Another tangible measure is obtained by summing the effects of the local 
and global pandemic cases. The average total mental health effect of a 
standard deviation increase in the local and global pandemic cases sums 
up to 2.31% reduction in the mean GHQ36 scores (0.092 standard de
viation of the GHQ36 scores - Column I, Table 2). 

4.2.2. Total effect of the pandemic 
To be able to obtain comparable measures across studies that use 

alternative identification strategies (e.g., Banks and Xu, 2020; Proto and 
Quintana-Domeque, 2021; Etheridge and Lisa, 2020) and to develop 
measures describing the “total effect” of the pandemic, we calculate the 
‘non-marginal’ mental health effect for the overall mean pandemic cases 

relative to the mean GHQ36 score as Covid(C)UKβUK∕GHQ36 and 

Covid(C)GLβGL∕GHQ36. We calculate the total effect of the whole 
pandemic for i) the sampling period, ii) the first wave of the pandemic, and 
iii) the first and second waves of the pandemic. First, in Column II of 
Table 2, we calculate the total effect for the sampling period using the 
mean pandemic cases for the 29 interview days (April 24, 2020 - July 31, 
2020, see Table A.1). The total reduction in the mean mental health of 
the UK population is about 1.5% for the local cases and 2.4% for the 
global cases. The total reduction in the mean mental health due to the 
pandemic cases sums up to 3.9% (1.5 + 2.4). We also express these 
figures in the standard deviation of GHQ36. The total mental health 
effect of the pandemic cases is 0.16 standard deviation of GHQ36, which 
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5 The effect of a standard deviation increase in the local (global) deaths on 
the mental health is − 0.009 (− 0.007). The relative magnitudes are highly 
comparable between local and global deaths. Yet their absolute sizes are lower 
and statistically imprecise compared to those of local and global cases. 
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is in line with the existing literature using alternative identification 
strategies (c.f., Proto and Quintana-Domeque, 2021). 

4.2.3. First and second waves of the pandemic 
In the remaining columns of Table 2, we conduct a series of 

extrapolation exercises and sensitivity checks with respect to the sample 
used in the analysis. First, we extrapolate the total effect for the overall 
first wave of the pandemic (covering the period about January 31, 2020 - 
September 1, 2020). Column III(A) suggests that the total effect sums up 
to 0.11 standard deviation of GHQ36, which is slightly lower, as the 
mean local and global cases are lower at the beginning and the end of the 
first wave of the pandemic. At this point, we report two additional sets of 
checks to investigate the sensitivity of extrapolation with respect to the 
sample used. We exclude the first sample period of data collected during 
April, 2020 (the sample size is 41,739) and find that the estimated co
efficient for the local cases is about three times larger compared to the 
baseline specification (Column I, Table 1). The total effect without the 
first sample period is found to be as large as 0.20 standard deviation of 
GHQ36 (Column III(B)). Next, we exclude the last wave collected during 
July, 2020 (the sample size is 44,758). The results are stable and the 
total effect of the pandemic (Column III(C)) is almost the same sizes as 
that reported in Column II. Finally, we extrapolate the total effect for a 
period covering the first and second waves of the pandemic. The period 
roughly covers a year (January 31, 2020 - January 15, 2021). The results 
presented in Column IV suggest that the total effect of the pandemic is 
0.38 standard deviation of GHQ36 or about 9.6% of the mean GHQ36 
(about 2.5 points reduction relative to the mean GHQ36 score). 

4.3. Results by each GHQ item 

Each item asked in the GHQ inventory can be considered as a proxy 
for the mental well-being experienced for a particular domain. Thus, we 

Table 3 
Results by each GHQ item.  

Dep var: ordered values (from 1 to 4) of 
each GHQ item 

I II  

Local: Covid-19 
cases 

Global: Covid-19 
cases 

When you are doing something, do you find 
that.you can concentrate 

-0.0454 -0.0043*** 
(0.1626) (0.0016) 

Do you often lose sleep over worry? 0.1872* 0.0054*** 
(0.1068) (0.0018) 

Can you play useful part in things? -0.0819 -0.0046*** 
(0.0830) (0.0014) 

Are you capable of making decisions? -0.3118*** -0.0016 
(0.0789) (0.0011) 

Are you constantly under strain? -0.1150 0.0019 
(0.0733) (0.0017) 

Do you feel you couldn’t overcome 
difficulties? 

0.2582*** 0.0042** 
(0.0844) (0.0016) 

Are you able to enjoy day-to-day activities? 0.0508 -0.0066*** 
(0.1039) (0.0015) 

Are you able to face problems? -0.1670*** -0.0027*** 
(0.0614) (0.0008) 

Do you feel depressed? 0.1975 0.0066*** 
(0.1504) (0.0021) 

Do you always lack confidence? 0.2369** 0.0050*** 
(0.1130) (0.0016) 

Do you often think that you have no value? 0.1587* 0.0017 
(0.0943) (0.0016) 

Are you happy when you consider each 
aspect of your life? 

-0.1373** -0.0025* 
(0.0640) (0.0014) 

Note: Authors’ own calculations from the Understanding Society (2020) 
Covid-19 module and WHO Covid-19 data (WHO, 2020). The local and global 
number of cases are rescaled by 1000. The model specifications include the full 
set of individual, regional and time specific characteristics (see Appendix B, 
Table B.1). Clustered (at the day of the observation) standard errors are pre
sented in the parentheses. *, **, and *** indicate significance level at 10%, 5%, 
and 1% levels of significance, respectively. 

Table 4 
Robustness.  

Dep var: “GHQ-36" (36 points scale); Covid Data: WHO I II  

Local: Covid-19 Cases Global: Covid-19 Cases 
Baseline   

I Baseline specification (Column I, Table 1) -0.1609*** -0.0043*** 
(0.0615) (0.0009) 

Estimators   
II Cross sectional ordered probit model -0.0061** -0.0005* 

(0.0024) (0.0003) 
III “Blow and Cluster" ordered logit fixed-effect model -0.1033 * -0.0023** 

(0.0553) (0.0010) 
IV Cross sectional linear model (OLS) -0.1263* -0.0041*** 

(0.0682) (0.0016) 
V Linear random-effects panel data model -0.1468*** -0.0036** 

(0.0086) (0.0014) 
Time functions   

VI Quadratic trend -0.1960*** -0.0053*** 
(0.0745) (0.0007) 

VII Exponential trend function -0.1558** -0.0043*** 
(0.0626) (0.0009) 

VIII First differences of Covid-19 measures -0.0240*** -0.0003** 
(0.0062) (0.0001) 

IX Wave specific quadratic trend -0.1900*** -0.0077*** 
(0.0685) (0.0013) 

Alternative Covid-19 Dataset   
X Alternative Covid-19 Data 1: UK Government and WHO datasets -0.1501*** -0.0035*** 

(0.0572) (0.0011) 
XI Alternative Covid-19 Data 2: JHU dataset 0.1814*** -0.0049*** 

(0.0358) (0.0002) 
XII Alternative Covid-19 Data 3: EDCD dataset 0.1120** -0.0046*** 

(0.0566) (0.0001) 
XIII Alternative Covid-19 Data 4: Daily average of WHO, JHU, and EDCD datasets 0.1720*** -0.0038*** 

(0.0623) (0.0009) 

Notes: Authors’ own calculations from the Understanding Society (2020) and World Health Organisation (WHO, 2020), and John Hopkins University Database (JHU, 
2020), and European Centre for Disease Prevention and Control (ECDC, 2020). The local and global number of cases are rescaled by 1000. The model specifications 
include the full set of individual, regional and time specific characteristics (see Appendix B, Table B.1). Clustered (at the day of the observation) standard errors are 
presented in the parentheses. *, **, and *** indicate significance level at 10%, 5%, and 1% levels of significance, respectively. 
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estimate the baseline model specification with twelve different depen
dent variables. Each item is measured on a 4-point ordinal scale (see 
Appendix C, Table C.1). A higher value indicates that individuals 
experience a higher level of mental health issues from a specific domain. 
The overall results presented in Column I of Table 1 can be considered as 
an average mental health effect experienced in these domains. The re
sults, presented in the rows and columns of Table 3, are also split by the 
local and global pandemic cases. First, the pandemic cases (rescaled by 
1000 cases) are significantly related to several mental health domains 
existing in the GHQ36 inventory. Second, the signs of the estimated 
coefficients are all consistent with the expected directions. For instance, 
while people experience a lower level of concentration, they experience 
higher sleep and happiness loss for an increase in the local and global 
cases. Third, the influence of the pandemic cases on some mental health 
domains is stronger and the estimates tend to produce a higher degree of 
statistical significance. Finally, focusing on particular items, people 
experience higher sleep disturbances (Xiao et al., 2020), higher feelings 

of depression (e.g., Bueno-Notivol et al., 2021), and importantly, reduced 
joy and happiness (e.g., Brodeur et al., 2021b) in their life for an increase 
in the local and global pandemic cases. 

4.4. Robustness 

4.4.1. Estimators 
Table 4 presents an extensive robustness analysis. To compare the 

results, we replicated the baseline results in the first row (Column I, 
Table 1). In Rows II-V, we investigate the robustness of the baseline 
fixed-effects specification with various alternative specifications. As 
mentioned above, the ordered probit model is the convenient model in 
our case as the GHQ36 measure is observed on an ordinal scale. We also 
note that, as the ordered probit is a non-linear model, the parameter 
estimates of this model specification cannot be directly compared with 
the baseline. The results from the cross-sectional ordered probit model 
are given in Row II. We obtain the same sign and significance levels for 

Table 5 
Discussion 1: individual constraints.    

Local: Covid-19 Cases Global: Covid-19 Cases   

S= 1 S= 0 p-value S= 1 S= 0 p-value 

I Age -0.184*** -0.154** 0.729 -0.006*** -0.002*** 0.000  
(S=1: older people, Age>55) (0.062) (0.065)  (0.001) (0.001)  

II Underlying Health Conditions -0.176*** -0.095 0.081 -0.005*** -0.004** 0.083  
(S=1: presence of a health condition) (0.068) (0.061)  (0.001) (0.001)  

III Vigiourius activities -0.178*** -0.079 0.000 -0.004*** -0.004*** 0.383  
(S=1: less active) (0.060) (0.067)  (0.001) (0.001)  

IV Religiosity -0.195*** -0.146** 0.015 -0.006*** -0.004*** 0.017  
(S=1: less praying person) (0.063) (0.062)  (0.001) (0.001)  

V Income -0.171*** -0.120* 0.004 -0.004*** -0.004*** 0.961  
(S=1: income less than median) (0.060) (0.068)  (0.001) (0.001)  

VI Employment Status -0.186*** -0.128** 0.004 -0.005*** -0.004*** 0.475  
(S=1: unemployed) (0.064) (0.063)  (0.001) (0.001)  

VII Work Conditions -0.178*** -0.119* 0.000 -0.006*** -0.003** 0.001  
(S=1, not working from home) (0.062) (0.061)  (0.001) (0.001)  

VIII Job Security Concerns -0.172*** -0.092 0.000 -0.004*** -0.004*** 0.850  
(S=1, high concerns about job security) (0.063) (0.064)  (0.001) (0.001)  

IX Future Financial Concerns -0.172*** -0.103* 0.011 -0.004*** -0.003** 0.170  
(S=1, high concerns about future) (0.063) (0.057)  (0.001) (0.001)  

Note: Authors’ own calculations from the Understanding Society (2016) and WHO Covid-19 data (WHO, 2020). The local and global number of cases are rescaled by 
1000. The model specifications include the full set of individual, regional and time specific characteristics (see Appendix B, B.1). Clustered (at the day of the 
observation) standard errors are presented in the parentheses. *, **, and *** indicate significance level at 10%, 5%, and 1% levels of significance, respectively. 

Table 6 
Discussion 2: household characteristics and living environment.    

Local: Covid-19 Cases Global: Covid-19 Cases   

S= 1 S= 0 p-value S= 1 S= 0 p-value 

I Living Alone -0.188*** -0.069 0.001 -0.005*** -0.002* 0.000  
(S=1: individual is living alone) (0.062) (0.064)  (0.001) (0.001)  

II Household Size -0.175*** -0.164*** 0.585 -0.004*** -0.004*** 0.336  
(S=1: larger households, #members>3) (0.059) (0.063)  (0.001) (0.001)  

III Dependent Kids -0.211*** -0.158** 0.012 -0.005*** -0.004*** 0.240  
(S=1: at least one dependent kid) (0.065) (0.062)  (0.001) (0.001)  

IV Time-Use -0.167*** -0.142** 0.345 -0.004*** -0.004*** 0.396  
(S=1: long time for caring > median) (0.063) (0.057)  (0.001) (0.001)  

VI House Ownership -0.172*** -0.078 0.001 -0.006*** -0.003** 0.004  
(S=1, not owning the accomodation) (0.061) (0.069)  (0.001) (0.001)  

VI Mortgage -0.160** -0.165*** 0.737 -0.004*** -0.004*** 0.347  
(S=1, have to pay mortgage) (0.063) (0.062)  (0.001) (0.001)  

VII Size of the Accomodation -0.171*** -0.137** 0.061 -0.005*** -0.004*** 0.015  
(S=1, #rooms<3) (0.063) (0.058)  (0.001) (0.001)  

VIII Private Space: Garden -0.171*** -0.125* 0.043 -0.005*** -0.003*** 0.018  
(S=1, there is no garden) (0.061) (0.067)  (0.001) (0.001)  

IX Priavage Space: Desk/Room -0.182*** -0.114* 0.000 -0.006*** -0.002** 0.000  
(S=1, there is no private desk/room) (0.061) (0.062)  (0.001) (0.001)  

Note: Authors’ own calculations from the Understanding Society (2016) and WHO Covid-19 data (WHO, 2020). The local and global number of cases are rescaled by 
1000. The model specifications include the full set of individual, regional and time specific characteristics (see Appendix B, B.1). Clustered (at the day of the 
observation) standard errors are presented in the parentheses. *, **, and *** indicate significance level at 10%, 5%, and 1% levels of significance, respectively. 
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both the local and global cases. To account for the ordinal nature of the 
dependent variable and fixed-effects in a non-linear model, we estimate 
a “Blow and Cluster" ordered logit fixed-effects model (Row III). The 
results follow the same signs and the parameter estimates are statisti
cally significant at the conventional levels. Finally, in Rows IV and V, we 
estimate the model specification with the cross-sectional pooled OLS and 
panel data linear random-effects model specification. We obtain highly 
comparable results with those of the baseline. 

4.4.2. Is the relationship spurious?Time functions 
There are different time patterns in the local and global pandemic 

cases during the sample period (see Fig. 1). To account for time related 
heterogeneity, our baseline specifications have already used a linear 
trend term, the day of the week dummies, and wave-specific dummies. 
First, we introduce the quadratic trend into our baseline model specifi
cation (Row VI of Table 4). The estimated parameters are somehow 
larger in magnitude but they are all negative and the significance levels 
hold. Second, we add the exponential trend term in the specification and 
obtain results which are highly similar to the baseline (Row VII). Third, 
to account for the strong persistence in the time series of Covid-19 
measures, we estimate a model with the first differences of Covid-19 
measures from day d − 2 to d − 1. We find negative and statistically 
significant effects for both local and global pandemic cases (Row VIII). 
Finally, we estimate our model specification with the wave-specific 
quadratic trend. The signs, sizes, and significance levels of the estimated 
coefficients are highly in line with those of the baseline (Row IX). 

4.4.3. Does the Covid-19 dataset matter? 
Our baseline analysis uses the Covid-19 data collected by WHO. To 

investigate potential measurement error and whether the results are 
consistent when using another pandemic dataset, we employ data from 
the UK government, John Hopkins University (JHU) and the European 
Centre for Disease Prevention and Control (ECDC). The baseline model 
specification in Eqs. (1) and (2) is first estimated by combining the covid 
data supplied by the UK governments for the local and WHO data for the 
global cases. The results reported in Row X of Table 4 are highly similar 
to those of the baseline, as expected. Then, the baseline model is also 
estimated by using the JHU and ECDC Covid-19 datasets, and the results 
are reported in Rows XI and XII, respectively. While the results are 
highly similar to the JHU dataset, the estimated coefficient for the local 
cases is somehow lower when we use the ECDC dataset. For a final 
check, we have estimated the model parameters by using the daily av
erages of the pandemic measures obtained from the WHO, JHU, and 
ECDC datasets. The results reported in Row XIII of Table 4 are highly in 
line with those of the baseline. 

5. Discussion: who are the most vulnerable? 

Previous results suggest that there is a statistically significant and 
large mental health effects of the local and global Covid-19 pandemic on 
the overall population in the UK. The preceding analysis documents 
heterogeneous effects for various dimensions. People who experience 
personal, social and household related constraints, and living environ
ment and housing related factors might correlate with the better or 
worse mental health outcomes of the pandemic. We focus on dimensions 
relating to i) individuals’ personal constraints (e.g., older people or 
chronic health conditions), ii) responses of individuals (e.g., exercises or 
prayer), iii) economic constraints (e.g., working from home or job secu
rity), iv) household circumstances (e.g., household composition), and v) 
constraints in living environment (e.g., no private garden or personal 
space). The methodology is based on an interaction specification where 
we interact pandemic cases with specific characteristics Sk. The 
extended model specification replaces the coefficients of pandemic cases 
βUK and βGL in Eq. (1) with βUK(Sk=1) × Sk + βUK(Sk=0) × (1 − Sk) and 
βGL(Sk=1) × Sk + βGL(Sk=0) × (1 − Sk), where Sk is a binary variable defined 

for each variable k for which we investigate the heterogeneous effect. To 
be brief, we present only two coefficients for Sk = 1 and Sk = 0 for each 
binary variable Sk used in the heterogeneity analyses. The hypotheses 
that we aim to test are H0 : βUK(Sk=1) = βUK(Sk=0) and H0 : βGL(Sk=1) =

βGL(Sk=0). The results are summarised in Tables 5 and 6 below. 

5.1. Individuals’ constraints 

5.1.1. Individual characteristics 
The statistics (WHO, 2020) suggest that the mortality risk of coro

navirus is higher among older people, and thus these individuals might 
fear the pandemic more, leading to greater mental health problems. 
Indeed, Row I of Table 5 suggests that the mental health of older people 
(older than age 55) is affected more. Yet, the difference in the estimated 
effects is statistically significant only for the global cases. Another 
important constraint is the health status of individuals. The statistics also 
suggest that mortality risk due to coronavirus is higher among people 
with an underlying health condition, including coronary diseases, 
stroke, diabetes, and hypertension. The conjecture is that the pandemic 
creates greater fear and anxiety among individuals with an underlying 
health condition, which can trigger mental health problems. To inves
tigate this, we generate a dummy variable indicating people who have 
long-term coronary disease, stroke, diabetes, or hypertension (the share 
is 7.4%). Row II of Table 5 suggests that people with a long-term base
line health condition experience a significantly higher mental health 
effect for both the local and global pandemic cases. 

5.1.2. Releasing stress 
People who do vigorous activities (e.g., home exercises, aerobics, 

walking, running, and cycling, among others) at home, in their private 
gardens, or the immediate neighbourhood during lockdown restrictions 
might cope better with the adverse mental health effects of the 
pandemic. A large literature already suggests that physical activity plays 
an important role in managing fear, anxiety, and depression (see, for 
instance, Paluska and Schwenk, 2000), for a comprehensive review). In 
Row III of Table 5, we present the mental health effects among people 
who are doing low and high levels of vigorous activities. The indicator 
variable is defined among people who are active more than zero hours 
(41% of the population, mean (median) is 0.46 (0) hours). The results in 
Row III suggest that people who are active experience significantly 
lower mental health effects only for the local pandemic. Another activity 
that might relate to lower stress and coping with adverse events is the 
religious belief and prayer (Aneshensel et al., 2013). To investigate this, 
we use the frequency of praying.6 The indicator variable is defined 
among people who never pray and zero if they sometimes pray (the 
share is 26.7%). People who pray experience significantly smaller 
mental health effects from the local and global pandemic cases (Row IV 
of Table 5). 

5.1.3. Current economic constraints 
Rows V-IX of Table 5 report the heterogeneous effects with respect to 

several economic and financial constraints, which can generate stress 
and anxiety during the pandemic. First, we begin with the low income 
individuals. The low-income dummy is defined among individuals 
earning less than the 3rd quartile of the income distribution (about 
1501 £ per month). Row V suggests that the mental health of relatively 
poor individuals is affected significantly more, only for an increase in 
the local cases. Second, we focus on the individuals who are unemployed 
during the pandemic (the share is 40%). The mental health effect is 
significantly larger among the unemployed only for the pandemic cases 

6 The data is obtained on a seven-point scale as (1) every day; (2) more than 
once a week; (3) once a week; (4) at least once a month; (5) only on special holidays; 
(6) less often; (7) never. 
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in the UK. Third, we investigate the mental health effects among in
dividuals who have a possibility of working from home versus those who 
have to commute to work (the share of home working individuals is 
24.6%). People who commute to work during the pandemic might have 
more fear of contracting coronavirus, and thus their mental health might 
be affected more. The results reported in Row VII of Table 5 suggest 
strong evidence confirming this conjecture for both the UK and global 
cases. 

5.1.4. Job and future financial security 
Fourth, we focus on the mental health effects among people who are 

concerned with their job security. The job security measure aims to 
obtain the individuals’ subjective belief about the likelihood of losing 
their jobs using the scale from unlikely (0%) to very likely (100%). Using 
workers who report a positive probability of losing their job, we define 
an indicator variable for the high job security concerns (the share is 
26.4%). The results reported in Row VIII of Table 5 suggest that the 
mental health effects among people who have high job security concerns 
are significantly higher for an increase in the pandemic cases in the UK. 
Finally, we investigate the mental health effects among people who have 
financial worries about the future. The proxy aims to capture whether 
people believe that their financial situation is going to be (1) better off 
than now; (2) worse off than now; and (3) about the same as now. The 
indicator variable is defined among people who believe that their 
financial situation is going to be worse off than now (the share is 17.9%) 
during the future. The estimates reported in Row IX suggest that in
dividuals who have financial worries experience significantly higher 
mental health effects for an increase in the local pandemic cases. 

5.2. Households’ constraints 

5.2.1. Household structure 
During the lockdown, household composition (e.g., whether living 

with a partner or household size) might play an important role in mental 
health. For example, individuals who have spent their time with family 
members in a larger household with a private garden might experience 
smaller mental health effects from the pandemic. In Table 6, we present 
a heterogeneity analysis investigating how household physical and so
cial circumstances relate to the mental health effect of the pandemic. 
First, we focus on the mental health of individuals who are living alone 
(the share of people living alone is 30.5%). The results in Row I of 
Table 6 suggest that people who live without a partner experience 
significantly higher mental health effects for both the local and global 
cases. 

As reported in a recent study by Brodeur et al. (2021b), loneliness 
appears to be one of the prominent factors relating to the mental health 
effects of the pandemic. However, living in a large household (number of 
household members is greater than 3) does not generate significant 
differences in the mental health effects of the pandemic (Row II, 
Table 6). Even though people in larger households might enjoy their 
time more during restrictions, the risk of coronavirus infection among 
the family members might also generate anxiety. Next, we investigate 
the mental health effects of individuals in households with a dependent 
child (the share is 9.5%), which can be another source of anxiety. Indeed, 
these individuals experience significantly higher mental health effects 
for the local cases (Row III, Table 6). A partially similar result is also 
obtained among the people who spend time (higher than median hours 
0) caring for a dependent person (the share is 23.4%). Yet, the differ
ences are not statistically significant in any of the pandemic measures 
(Row IV, Table 6). 

5.2.2. Living environment and housing 
The characteristics of individuals’ physical living arrangements and 

constraints on where individuals reside might be correlated with the 
mental health effect of the pandemic. To investigate this, we first focus 
on home ownership (the share is 75.9%). The results presented in Row V 
of Table 6 suggest that people who do not own the residential house 
experience a significantly larger mental health effect for both the local 
and global cases. 21.6% of the house owners pay a mortgage and the 
financial concerns during the pandemic might trigger further anxiety 
among these individuals. However, the results in Row VI suggest that the 
mental health effect is not significantly different among these people. In 
the last three rows of Table 6, we focus on the physical arrangement of 
the residential house during the pandemic. People who live in a small 
house (the number of rooms is less than 3) during the pandemic expe
rience significantly larger mental health problems (Rows VII, Table 6). 
Finally, we focus on individuals who do not have a private garden (the 
share is 12.3%) or a private space (room or desk) at their residential place 
(the share is 67.6%). These individuals experience significantly higher 
mental health effects for an increase in the local and global cases (Rows 
VIII and IX, Table 6). 

6. Conclusion 

Using an original empirical strategy, we investigate the effect of the 
local and global Covid-19 pandemic on the mental health of the overall 
population in the UK. The strategy is based on matching the previous 
day’s local and global pandemic cases with the mental health measures 
obtained during the interview the next day in a large household survey. 
Our extensive investigation of alternative functional forms, model 
specifications, time functions, and alternative Covid-19 datasets sug
gests that people in the UK experienced lower mental health not only 
due to the local pandemic but also due to the global spread of the 
pandemic. For the first time in the literature, the paper also identifies the 
mental health effects of the first and second waves of the pandemic. In 
sum, we find that the total mental health effect of the pandemic during 
the sampling period (April - July, 2020) is about a 3.9% reduction in the 
average mental health of the UK population. Our extrapolations suggest 
that the first wave of the pandemic (February - September, 2020) 
reduced mental health by 2.8%, while the reduction during the first and 
second waves of the pandemic (February, 2020 - February, 2021) sums 
up to 9.6%. The results are robust to allowing fixed-effects that capture 
potential sorting into interview days and other time-invariant unob
served individual characteristics. 

There are several important additional results reported in this paper. 
The paper investigates who is more vulnerable to the adverse mental 
health effects of the pandemic. We find that older people with a chronic 
health condition, those who are unemployed or have job security con
cerns, and people who have to commute to working place experience 
greater mental health effects of the pandemic. People who are doing 
exercises and praying often experience lower mental health distur
bances. During the pandemic period, the household composition, living 
environment, and housing play important roles on mental health. We 
find that lonely people experience very high mental health problems due 
to the pandemic. Moreover, people with a dependent kid or those living 
in smaller houses, with no garden, and private space are also found to be 
more vulnerable for the adverse mental health effects of the Covid-19 
pandemic. 

These results have important policy implications for the current and 
future pandemics. First, our detailed heterogeneity results can allow the 
policymaker to make specific policies for the efficient management of 
the pandemic, particularly in designing psychological interventions. 
Second, as one of the tools to reach individuals, the UK government (also 
WHO) have published online guidelines to raise awareness and to give 
support on potential adverse mental health effects.7 The information 

7 See https://www.gov.uk/government/publications/ and www.who.int for 
further information. 
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supplied in this paper can help address psychological factors stemming 
from individual and household constraints, which can help prevent 
excessive use of mental health care institutions. Finally, one of the 
limitations of this study is that it does not include an investigation for 
the role of the vaccination and policy responses of the governments on 
the mental health outcomes of the individuals. These issues are left for 
future research as they require further data and identification strategies. 
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Appendix A. Distribution of interview days and balance tests 

Tables A.1 and A.2, Fig. A.1. 

Table A.1 
Distribution of interview days.      

Mean Characteristics (Std.) 

Wave Date of Interview #Interviews Day of the week Age Females Employed Couples 

1 24-Apr-20  6983 Friday 50.2 (16.6)  0.59  0.62  0.71 
1 25-Apr-20  3906 Saturday 53.6 (16.8)  0.58  0.57  0.73 
1 26-Apr-20  2481 Sunday 52.2 (16.7)  0.56  0.59  0.74 
1 27-Apr-20  1143 Monday 53.6 (17.1)  0.53  0.58  0.72 
1 28-Apr-20  520 Tuesday 52.6 (17.1)  0.53  0.59  0.74 
1 29-Apr-20  800 Wednesday 50.6 (16.5)  0.58  0.69  0.69 
1 30-Apr-20  207 Thursday 52.6 (17.1)  0.52  0.61  0.67 
2 27-May-20  6559 Wednesday 51.6 (16.1)  0.61  0.61  0.68 
2 28-May-20  3401 Thursday 55.1 (16.2)  0.58  0.55  0.72 
2 29-May-20  1818 Friday 54.0 (16.7)  0.56  0.57  0.71 
2 30-May-20  668 Saturday 54.1 (16.8)  0.57  0.58  0.69 
2 31-May-20  1338 Sunday 50.1 (16.4)  0.54  0.67  0.68 
2 01-Jun-20  533 Monday 51.0 (16.5)  0.53  0.66  0.71 
2 02-Jun-20  121 Tuesday 52.1 (16.1)  0.55  0.61  0.69 
3 25-Jun-20  5688 Thursday 52.1 (16.1)  0.60  0.60  0.69 
3 26-Jun-20  3323 Friday 56.1 (16.4)  0.59  0.52  0.70 
3 27-Jun-20  2103 Saturday 53.6 (16.8)  0.56  0.59  0.71 
3 28-Jun-20  778 Sunday 54.9 (16.1)  0.56  0.58  0.73 
3 29-Jun-20  509 Monday 54.1 (16.1)  0.52  0.58  0.73 
3 30-Jun-20  1081 Tuesday 51.9 (16.3)  0.56  0.68  0.69 
3 01-Jul-20  246 Wednesday 52.1 (15.3)  0.56  0.67  0.68 
4 24-Jul-20  5108 Friday 52.2 (16.1)  0.61  0.59  0.68 
4 25-Jul-20  3229 Saturday 55.9 (16.2)  0.57  0.53  0.71 
4 26-Jul-20  1955 Sunday 54.3 (16.3)  0.57  0.58  0.72 
4 27-Jul-20  1013 Monday 56.3 (15.8)  0.54  0.55  0.74 
4 28-Jul-20  363 Tuesday 55.6 (16.2)  0.52  0.56  0.73 
4 29-Jul-20  899 Wednesday 48.8 (16.5)  0.57  0.67  0.71 
4 30-Jul-20  362 Thursday 52.5 (15.6)  0.51  0.61  0.73 
4 31-Jul-20  102 Friday 51.4 (16.7)  0.54  0.61  0.74 
#Interviews   57789  52.7 (16.6)  0.56  0.60  0.71  

Table A.2 
Balance Tests 2: Selection by Individual Characteristics and Previous Day Covid-19 Cases.  

Dependent variable: Age Gender Living with a   
(Female=1) partner (=1) 

Local: Covid-19 cases -0.388 0.000 -0.012  
(1.588) (0.029) (0.041) 

Global: Covid-19 cases 0.041 0.001 -0.001  
(0.041) (0.001) (0.002) 

#obs 29 29 29 

Dependent variable: Employed (=1) Income Working from home (=1) 

Local: Covid-19 cases 0.017 0.133 0.028  
(0.068) (0.431) (0.038) 

Global: Covid-19 cases -0.002 -0.013 -0.002  
(0.002) (0.010) (0.001) 

#obs 29 29 29 

Note: Authors’ own calculations from Understanding Society (2020) and World Health Organisation (WHO, 2020). The reduced data is obtained by calculating av
erages by the wave, the day of the week for each individuals characteristics during 29 interview days. The model specifications include time trend, the day of the week 
dummies, and wave dummies. *, **, and *** indicate significance level at 10%, 5%, and 1% levels of significance, respectively. 
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B. Additional results 

Table B.1, Fig. B.1. 

Fig. A.1. Balance Tests 1: Number of Interviews and Previous Day Covid-19 Cases. Note: Authors’ own calculations from Understanding Society (Understanding 
Society, 2020) and World Health Organisation (WHO, 2020). We obtain the residuals of the #interviews, the local, and global pandemic cases conditional on the time 
trend, the day of the week, and wave dummies. The solid line is the linear regression based on the underlying 29 observations. 

Table B.1 
Full Estimation Results at the Baseline.  

Control variables Estimates Control variables Estimates 

Living with partner 0.133 Owner of house (=1) 0.02  
(0.163)  (0.052) 

Tested for coronavirus 0.356*** Internet user (=1) -0.043  
(0.101)  (0.233) 

Employed (=1) 0.598** Household composition - Aged 0–4 0.048  
(0.271)  (0.174) 

Log of personal income 0.015 Household composition - Aged 5–15 0.215  
(0.012)  (0.140) 

Weekly working hours 0.074*** Household composition - Aged 16–18 -0.125  
(0.026)  (0.153) 

Working from home (home-office) -0.122 Household composition - Aged 19–69 0.021  
(0.080)  (0.073) 

Benefits: Universal credit -0.278 Household composition - Aged 70 or older 0.146  
(0.276)  (0.096) 

Benefits: Working tax credit -0.232 Time-use: Caring a dependent person -0.002  
(0.189)  (0.003) 

Benefits: Child tax credit -0.648*** Time-use: Housework -0.001  
(0.145)  (0.002) 

Benefits: Jobseekers’ allowance 0.288 Local: Covid-19 (log) cases -0.161***  
(0.541)  (0.061) 

Benefits: Employment allowance 0.341 Global: Covid-19 (log) cases -0.004***  
(0.319)  (0.001) 

Financially satisfied (=1) 1.152***    
(0.112)   

Coronavirus risk: Very unlikely 0.237    
(0.306)   

Coronavirus risk: Unlikely 0.064    
(0.266)   

Coronavirus risk: Likely 0.188    
(0.258)   

Coronavirus risk: Very likely 0.191 R2-overall 0.017  
(0.247) #Observations 57789 

Note: Authors’ own calculations from Understanding Society (2020) and World Health Organisation (WHO, 2020). Clustered (at the day of the observation) standard 
errors are presented in the parentheses. *, **, and *** indicate significance level at 10%, 5%, and 1% levels of significance, respectively. 
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C. Inventories 

Table C.1. 
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Fig. B.1. Distributions of GHQ36 across Waves. Note: Authors’ own calculations from Understanding Society (2020).  

Table C.1 
GHQ Inventory.  

1- When you are doing something, do you find that 
(1) Can concentrate; (2) Attention occasionally diverted; (3) Attention sometimes 

diverted; (4) Attention frequently diverted, cannot concentrate 
2- Do you often lose sleep over worry? 
(1) Not at all; (2) Occasionally; (3) Fairly often; (4) Very often 
3 Can you play useful part in things? 
(1) Always can; (2) Can play some positive roles; (3) Can play positive roles poorly; (4) 

Cannot play a positive role 
4- Are you capable of making decisions? 
(1) Always have own opinions; (2) Sometimes have own opinions; (3) Do not have 

many own opinions; (4) Do not have any personal opinion at all 
5- Are you constantly under strain? 
(1) Never; (2) Sometimes; (3) Fairly often; (4) Very often 
6- Do you feel you couldn’t overcome difficulties? 
(1) Never; (2) Sometimes; (3) Fairly often; (4) Very often 
7- Are you able to enjoy day-to-day activities? 
(1) Very interesting; (2) Fairly interesting; (3) Not very interesting; (4) Not interesting 

at all 
8- Are you able to face problems? 
(1) Never; (2) Seldom; (3) Sometimes; (4) Always 
9- Do you feel depressed? 
(1) Not at all; (2) A little bit; (3) Fairly seriously; (4) Very seriously 
10- Do you always lack confidence? 
(1) Not at all; (2) A little bit; (3) Fairly seriously; (4) Very seriously 
11- Do you often think that you have no value? 
(1) Not at all; (2) A little bit; (3) Fairly seriously; (4) Very seriously 
12- Are you happy when you consider each aspect of your life? 
(1) Very happy; (2) Fairly happy; (3) Not very happy; (4) Not happy at all  
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